Many animal social structures are organized hierarchically, with dominant individuals 23 monopolizing resources. Dominance hierarchies have received great attention from 24 behavioural and evolutionary ecologists. As a result, there are many methods for 25 inferring hierarchies from social interactions. Yet, there are no clear guidelines about 26 how many observed dominance interactions (i.e. sampling effort) are necessary for 27 inferring reliable dominance hierarchies, nor are there any established tools for 28 quantifying their uncertainty. In this study, we simulated interactions (winners and 29 losers) in scenarios of varying steepness (the probability that a dominant defeats a 30 subordinate based on their difference in rank). Using these data, we (1) quantify how 31 the number of interactions recorded and hierarchy steepness affect the performance 32 of three methods, (2) propose an amendment that improves the performance of a 33 popular method, and (3) suggest two easy procedures to measure uncertainty in the 34 inferred hierarchy. First, we found that the ratio of interactions to individuals required 35 to infer reliable hierarchies is surprisingly low, but depends on the hierarchy 36 steepness and method used. We then show that David's score and our novel 37 randomized Elo-rating are the two best methods, whereas the original Elo-rating and 38 the recently described ADAGIO perform less well. Finally, we propose two simple 39 methods to estimate uncertainty at the individual and group level. These uncertainty 40 measures further allow to differentiate non-existent, very flat and highly uncertain 41 hierarchies from intermediate, steep and certain hierarchies. Overall, we find that the 42 methods for inferring dominance hierarchies are relatively robust, even when the 43 ratio of observed interactions to individuals is as low as 10 to 20. However, we 44 suggest that implementing simple procedures for estimating uncertainty will benefit 45 3 researchers, and quantifying the shape of the dominance hierarchies will provide 46 new insights into the study organisms. 47 48 Keywords (10): agonistic interactions, Elo-rating, David's score, dominance, dyad, 49 hierarchy uncertainty, sampling effort, social status, steepness. 50 51 Highlights (3 to 5 bullet points, max 85 characters including spc) 52  David's score and the randomized Elo-rating perform best. 53  Method performance depends on hierarchy steepness and sampling effort. 54  Generally, inferring dominance hierarchies requires relatively few 55 observations. 56  The R package "aniDom" allows easy estimation of hierarchy uncertainty. 57  Hierarchy uncertainty provides insights into the shape of the dominance 58 hierarchy. 59 60 61 62 63 64 65 66 4 67 Many animal social structures are organized hierarchically, with some individuals -68 the dominantsmonopolizing resources and therefore presumably monopolizing 69 fitness, too. First described in the domestic fowl (Schjelderupp-Ebbe, 1922), 70 dominance hierarchies have received great attention from empiricists and 71 theoreticians in behavioural and evolutionary ecology. Dominance hierarchies have 72 widely been described in
INTRODUCTION
In this study, we simulated artificial datasets and interactions under a wide 148 range of scenarios, from very steep to completely flat, non-existent hierarchies, to: 149 (1) quantify how the number of interactions recorded (sampling effort) and hierarchy 150 steepness affect the performance of different methods inferring the correct hierarchy, 151 (2) propose an amendment to a popular method, the original Elo-rating, to improve 152 its performance, and (3) suggest two easy procedures to measure the uncertainty of 153 the inferred hierarchies. We focus our study on three index-generating methods (plus 154 our method) that have been commonly used in the recent literature. First, we 155 evaluate David's score (David, 1987) , a widely used matrix-like method that is based 156 on the paired comparisons paradigm (e.g. Jennings, Carlin, & Gammell, 2009; Rat, 157 van Dijk, Covas, & Doutrelant, 2015) . Second, we evaluate the original Elo-rating 158 (Elo, 1978) , a sequential method that is becoming popular in the study of animal 159 behaviour (e.g. Franz, Mclean, Tung, Altmann, & Alberts, 2015; Snyder-mackler et 160 al., 2016; Strandburg-Peshkin, Farine, Couzin, & Crofoot, 2015) . Following our 161 evaluation of this method, we suggest a modification to the original Elo-rating that 162 improves estimates and provides a measure of uncertainty for each individual's rank. 163 Finally, we evaluate ADAGIO, a recently described method that is based on the 164 extraction and graphical representation of directed acyclic graphs (Douglas et al., 165 2017). From our results, we derive recommendations on the sampling effort required 166 to infer reliable dominance hierarchies. 
MATERIALS AND METHODS

169
Our general approach consisted of (i) generating artificial datasets containing 170 individuals of known rank, (ii) simulating interactions among those individuals under 171 9 different hierarchy scenarios of known steepness and propensities to interact, and 172 (iii) testing the performance of the different methods under the different scenarios. 173 We implemented all of our simulations in R v.3.3.2 (R Core Team, 2016; see 174 Sánchez-Tójar, Schroeder, & Farine, 2017) . We created a user friendly R package 175 named "aniDom" to infer dominance hierarchies using the original and the 176 randomized Elo-rating method. The package also allows estimating hierarchy 177 uncertainty (see below) as well as plotting the steepness of the hierarchy. We used 178 the R package "EloRating" to calculate David's scores (Neumann & Kulik, 2014) and 179 a separate software for the ADAGIO method (Douglas et al., 2017) . 180 i. Generating artificial groups of individuals 181 We generated an artificial dataset containing 50 individuals whose ranks were 182 sequentially assigned from 1 to 50 (i.e. linear hierarchy). Because count data (such 183 as the number of interactions) typically follow a Poisson distribution (Zuur, Ieno, 184 Walker, Saveliev, & Smith, 2009), we used a Poisson process to generate a varying 185 propensity for each individual to interact. Other distributions gave qualitatively similar 186 conclusions (Supplementary Material 1). Throughout we defined the "ratio of 187 interactions to individuals" as the number of interactions (d, where one interaction is 188 between two individuals) divided by the total number of individuals (N), that is , 189 rather than the arithmetic mean of the number of interactions per individual (i), that 190 is ̅ , which could be twice the value we report. For example, in a dataset containing 191 10 interactions between two individuals, would equal 5, whereas ̅ would equal 192 10. We repeated all analyses with datasets containing 10 individuals (Supplementary 193 Material 2). ii. Simulating interactions within the group 196 We generated simulated datasets. In each interaction dataset, the outcome of the 197 dyadic interactions was determined by the specific hierarchy scenario implemented. 198 We used a probabilistic approach to generate a wide range of hierarchy scenarios of 199 different steepness. Specifically, we modelled the expected probability of winning for where r is the absolute difference in rank between the two individuals divided by the 203 maximum absolute difference in rank possible in the dataset (i.e. 50 -1 = 49 in our 204 datasets), and thus, 0 < r ≤ 1. a and b are the values that determine the steepness of 205 the hierarchy. For example, if b = -5 and a ≥ 0, the expected probability of winning for 206 the higher ranked individual is essentially 1 at all times, regardless of the difference 207 in rank between the two individuals, and thus this hierarchy is very steep ( Fig. 2a ).
208
By contrast, if b = 35 and 0 ≤ a ≤ 30, the expected probability of winning for an 209 individual is essentially always 0.5, regardless of the difference in rank between the 210 two contestants, and thus there is no hierarchy (Fig. 2i ). maintaining the order within each day and comparing these to full randomisations.
269
Hereafter this new method is referred to as "randomized Elo-rating", whereas its 270 predecessor is referred to as "original Elo-rating". Using the randomizing Elo-rating, one can further estimate the repeatability of the n 275 individual Elo-ratings. We explored repeatability using the same three scenarios 276 described in section iii.c (see Supplementary Material 3 for other scenarios). Again,
277
for each scenario and ratio of interactions to individuals, we simulated 100 278 independent interaction datasets, and calculated 1 000 individual Elo-ratings for 279 each dataset following the randomized Elo-rating. We then calculated the 280 repeatability of the individual Elo-ratings using the function rptGaussian() from the 281 package 'rptR' 0.9.1.9000 (Schielzeth, Stoffel, & Nakagawa, 2016) . We calculated 282 repeatability based on Elo-ratings instead of ranks because, contrary to ranks, Elo-283 ratings approximately follow a Gaussian distribution.
284
Additionally, we tested another easy procedure to estimate hierarchy 285 uncertainty which consists on splitting a dataset containing interactions into two 286 halves, and then estimating the Spearman rank correlation coefficient between the 287 two halves. We again investigated the same three hierarchy scenarios described in 288 section iii.c (see Supplementary Material 3 for other scenarios). For each scenario 289 and ratio of interactions to individuals, we simulated 100 independent interaction 290 datasets, split each dataset in two, computed 1 000 individual ranks for each halve 291 using the randomized Elo-rating, and calculated the rS between the two inferred 292 hierarchies. 
RESULTS
298
Performance under different scenarios and sampling effort 299 We explored whether hierarchy steepness affects the performance of the method 300 using the original Elo-rating. The performance of all four methods increased 301 logarithmically with the ratio of interactions to individuals ( Fig. 3 and 4) . In most 302 cases, the performance of the method reaches an asymptote after relatively few The steepness of the hierarchy not only affected the amount of data required 322 to infer reliable dominance hierarchies, but also the overall ability to do so. In 323 general, the method performed well even when closely-ranked individuals both often 324 win contests. For example, even when the probability of the higher ranked individual 325 winning was only ca 0.55 for a difference in rank of 10 ( Fig. 3b, a = 15 
388
The different hierarchy scenarios shown were created following equation 1.
390
We propose a second procedure to estimate uncertainty that provides useful 391 information about sampling effort. This method consists of splitting the interaction 392 dataset into two halves and estimating the agreement between the two halves. The
393
Spearman's rank correlation (rS) between the two halves followed a similar 394 logarithmic pattern to the randomized Elo-rating performance, thus also allowing us 395 to make predictions on the level of uncertainty of our measurements and the 396 steepness of the latent hierarchy ( Fig. 6 ). Our results show that, for very steep 397 hierarchies, the rS quickly increased with the ratio of interactions to individuals and 398 stabilized around 0.80 ( Supplementary Material 3, Fig. S3a-c) . For intermediate 399 hierarchies, however, the rS also increased but did not reach values larger than 0.80 400 (Fig. 5a,b ). For very flat hierarchies, the rS stayed relatively stable and below a 401 threshold value of 0.35 (Fig. 6c ). For observational data, adding more interactions 402 into the analysis, and comparing two halves of the interaction dataset, is therefore an 403 informative method for determining whether more sampling effort is required. 404 We conclude that the higher both the randomized Elo-rating repeatability and 405 the rS between the two halves, the steeper the inferred dominance hierarchy is. We with increasingly more data as we have done in Fig. 6 ) and observing the shape of 410 the resulting metrics is a useful way of determining if the population has been Material 3, S1a-c). In contrast, intermediate hierarchies needed a greater sampling 475 effort for inferring reliable dominance hierarchies (Fig. 4) . Previous studies already 476 indicated that the social structure of the group studied could affect the method of 477 choice (e.g. Balasubramaniam et al., 2013; Bayly et al., 2006) . Here we show the 478 considerable effect that the steepness of the hierarchy has on the performance of 479 the methods studied. Furthermore, many studies have commented on the 480 importance of recording sufficient interactions to infer reliable dominance hierarchies 481 (e.g. Gammell et al., 2003; Neumann et al., 2011) . Surprisingly, no clear guidelines 482 existed regarding the sampling effort necessary to infer reliable hierarchies from 483 animals, which in turn has led researchers to apply either untested thresholds to 484 define "sufficient data" (Cole & Quinn, 2011; Devost et al., 2016; Dingemanse & de 485 Goede, 2004; Rat et al., 2015) or no threshold at all (e.g. Hauver, Hirsch, Prange, 486 Dubach, & Gehrt, 2013; Kaburu & Newton-Fisher, 2015) . Some studies even failed 487 to report the number of interactions recorded (e.g. Campos & Fedigan, 2013; Flies, 488 Mans, Flies, Grant, & Holekamp, 2016; Stewart & Greives, 2016) , impeding 489 researchers to assess the reliability of their results. We suggest that, unless 490 hierarchy is a priori known to be very steep, researchers should aim to record a 491 minimum ratio of interactions to individuals of 10 (or ideally 20) to ensure that the 492 dominance hierarchy is reliably inferred. A similar number of interactions was 493 suggested for rating chess players (Glickman & Doan, 2016) but it is considerably 494 larger than other suggestions for animal behaviour (Albers & de Vries, 2001) . We 495 acknowledge that recording a ratio of interactions to individuals of 10 to 20 might be 496 challenging for species with low interaction rates such as the red deer (Cervus 497 elaphus; Clutton-Brock et al., 1979) , but researchers need to be aware of the 498 potential problems of not achieving this threshold, increase (and report) sampling 499 effort whenever possible, and ideally estimate the uncertainty of their dominance 500 data.
501
Minimizing and estimating measurement error is highly recommended for the 502 study of animal behaviour (Bradshaw, Sims, & Hays, 2007; Martin & Bateson, 2007) .
503
Indeed, there is increasing awareness of the need to estimate uncertainty of social format (and thus do not have the sequence of the interactions). We suggest that in 551 these cases, the randomized Elo-rating would avoid the potential spurious results 552 that could arise by assigning a single random order to the observations.
553
Finally, we acknowledge and discuss some of the potential limitations of this 554 study. First, due to computational limitations, we only investigated four methods. We 555 however provided an R package and the R code used in this study to aid 556 researchers interested in exploring other methods (see Sánchez-Tójar et al., 2017) . We have shown how sampling effort and the steepness of the underlying hierarchy 572 (a latent feature a priori unknown by the researcher) affect method performance. We 573 have suggested and provided with a new method, the randomized Elo-rating (R 574 package "aniDom": Farine & Sánchez-Tójar, 2017). We have shown that David's 575 score and the randomized Elo-rating are the two best methods to infer linear 576 dominance hierarchies, particularly when the latent hierarchy is not extremely steep.
577
Furthermore, we have introduced two easy procedures to evaluate hierarchy 578 uncertainty at both the individual and the group level. Last but not least, we have 579 provided clear guidelines on how much sampling effort is required to infer reliable 580 hierarchies. We believe that the procedures outlined here are simple to implement 581 and that the guidelines we provide will help researchers aiming to study dominance 582 hierarchies. Finally, we hope that this work will help mitigating some of the problems 583 recently raised (Nakagawa & Parker, 2015) in the broader field of behavioural 584 research. 
